Background: Methods for array normalization, such as median and quantile normalization, were developed for mRNA expression arrays. These methods assume few or symmetric differential expression of genes on the array. However, these assumptions are not necessarily appropriate for microRNA expression arrays because they consist of only a few hundred genes and a reasonable fraction of them are anticipated to have disease relevance. Methods: We collected microRNA expression profiles for human tissue samples from a liposarcoma study using the Agilent microRNA arrays. For a subset of the samples, we also profiled their microRNA expression using deep sequencing. We empirically evaluated methods for normalization of microRNA arrays using deep sequencing data derived from the same tissue samples as the benchmark.
Background
MicroRNAs (miRNAs) are a class of short noncoding RNAs.
1,2 They regulate gene expression posttranscription through base pairing with mRNAs to induce their degradation and translational repression. 1, 2 Humans have over 1000 miRNAs, which may target about 60% of protein-coding genes. 3 MiRNAs have been linked to a number of cancer types in several studies of individual miRNAs. 4, 5 In recent years, the microarray technology has become available to study miRNAs in a high-throughput fashion, and it has been increasingly used to study the role of miRNAs in diseases such as cancer. [6] [7] [8] [9] [10] [11] [12] Similar to mRNA arrays, miRNA arrays also exhibit array effects (that is, systematic variation due to experimental factors such as array manufacture batch, lab technician, and image scanner). We demonstrate this here with a data example from a liposarcoma study. Liposarcoma, the most common soft tissue sarcoma, 3 is subdivided into three biologic groups, one of which consists of well-differentiated liposarcoma (WD) and dedifferentiated liposarcoma (DD). In a study of miRNA expression in liposarcoma at Memorial Sloan-Kettering Cancer Center (MSKCC), we collected miRNA arrays for 56 tissue samples: 7 normal adipose, 24 WD, and 25 DD 14 using the Agilent miRNA arrays (Agilent Technologies, Santa Clara CA), which have an 8-plex format with eight arrays printed on a glass slide arranged as two rows and four columns. Arrays were generated over a period of 6 months (September 1, 2009 through February 28, 2010) . Figure 1 shows a boxplot of the data (unnormalized foreground data on the log 2 scale), with one box per array. Boxes are ordered by array slide and production date and colored by tissue type. It is obvious that array difference due to tissue type is dominated by differences due to array production period and array slide.
Proper normalization is essential in the analysis of array data to remove systematic variation due to experimental process and to make data from different arrays comparable. [15] [16] [17] [18] This issue has been extensively studied in the context of mRNA expression arrays, with a number of normalization methods proposed. [19] [20] [21] [22] [23] [24] A typical assumption of these normalization methods is that few genes are differentially expressed or that differential expression is symmetric. 16, 17, 21 These existing normalization methods have been directly applied to miRNA arrays. [25] [26] [27] [28] However, miRNA array data have a number of distinct differences from mRNA array data. For example, the number of miRNA genes is relatively small, and differential expression is likely to be common and asymmetric as most miRNAs are expected to be expressed in a very tissue-specific manner. [29] [30] [31] [32] It is unclear whether existing normalization Expression level 7 methods, developed for mRNA arrays, are appropriate for miRNA arrays. 33, 34 Three previous reports have studied the performance of normalization methods for miRNA arrays. Rao et al 35 compared several normalization methods using an in-house array platform, with duplicate arrays for 26 human tissues and 10 mouse tissues. They used the similarity between duplicate arrays as a performance metric. Lopez-Romero et al 36 examined the performance of median and quantile normalization for Agilent arrays and used the variability between biological replicates to measure normalization performance. Pradervand et al 33 assessed normalization methods using Agilent arrays, defining true positives as a set of 59 genes that were claimed as differentially expressed by all normalization methods under study. These previous studies are important but limited by their choice of performance measure and also their definition of "true" positives.
We set out to assess normalization methods for miRNA arrays when the performance measure is to detect differentially expressed genes (a common goal in array studies) and the true positive genes are determined by an independent experimental methodology using the RNA samples derived from the same set of tissue samples. We used a set of Agilent arrays for 56 tissue samples collected at MSKCC. A subset of these samples was also profiled by Solexa sequencing of small RNA libraries at the Tuschl lab of the Rockefeller University. The small RNA libraries were prepared using a customized protocol that has been carefully developed and extensively calibrated at the Tuschl lab. [37] [38] [39] [40] We used the sequence data on the same set of samples as the benchmark to empirically evaluate the effect of normalization on the Agilent array data and compare the performance of normalization methods.
Materials and Methods

Data collection
Our study included 56 human tissue samples. Data on these samples were collected at MSKCC and the Rockefeller University as part of a study of miRNA expression alterations in liposarcomagenesis. Details of data collection, such as sample acquisition, RNA isolation, and Solexa sequencing, were described in Ugras et al. 37, [39] [40] [41] [42] Expression arrays were processed at the MSKCC Genomic Core Lab using the Agilent Human miRNA arrays (version V2.0). Agilent array data were available for all 56 samples (7 normal adipose, 24 WD, and 25 DD). Solexa deep sequencing data were available for 28 of the samples (14 WD and 14 DD) using the same RNA samples as the Agilent arrays. Agilent arrays measure 799 miRNAs, and Solexa has reads on 597 miRNAs. These two platforms have 486 miRNAs in common, which we focused on in our analysis.
Statistical analysis of Solexa data
We looked for miRNAs differentially expressed between WD and DD by comparing the relative abundance (that is, clone count for a given miRNA divided by the total clone count in a tissue sample), using a moderated t test as implemented in the R package LIMMA. 43 Differentially expressed miRNAs were then selected using a P value cutoff P , 0.0001; we expected , 1 miRNA to have such small a P value by chance. In order to descriptively look at the distribution of Agilent data and how array normalization affects the data distribution, we selected three groups of miRNAs based on their abundance: (1) miRNAs ranked among the top 20 most abundant in each sample for all 28 samples, which we call " alwayson" miRNAs; (2) miRNAs that had zero count in all 28 samples, which we call "always-off" miRNAs; and (3) a random subset of 20 other miRNAs, which we call "sometimes-on" miRNAs.
Statistical analysis of Agilent data and evaluation of normalization methods
We evaluated differential expression based on the Agilent data using the moderated t test implemented in the LIMMA package. 43 The P values, fold changes, and the selected top miRNAs were then compared with those from the Solexa data, which were considered to be the benchmark. For each individual array, we assessed the agreement between the Agilent and Solexa data among all miRNAs and the agreement among 'always-on' and 'sometimes-on' miRNAs using Pearson correlation.
To assess the effect of array normalization, we repeated the aforementioned analysis of Agilent data, but with normalization. We tested four normalization methods using their implementations in the R software: (1) median normalization (http://www.affymetrix.com) using R package, affy; (2) quantile normalization 20, 21 using R package, processCore; (3) cyclic loess normalization 24 using R package, affy; and (4) variance stabilizing normalization 19 using R package, vsn. The data preprocessing pipeline was as follows: (1) the probe-level foreground intensity data were log 2 transformed, (2) the log 2 probe-level foreground intensity data were normalized, and (3) the normalized probe-level data were converted to gene-level data by taking the average of probes corresponding to the same miRNA gene.
An exception was made for variance stabilizing normalization, where the data were first normalized and then log 2 transformed.
Three of the normalization methods-quantile, cyclic loess, and variance stabilizing-depend on the entire set of samples being normalized together. In the analysis results we report here, we normalized the data for the 56 samples and then performed differential expression analysis in the 28 samples that have sequence data available. Similar analysis results were found when normalization was applied only to the 28 samples.
Results
Analysis of Solexa data
Comparing between WD (n = 14) and DD (n = 14), 25 miRNAs were differentially expressed at a P value cutoff of 0.0001 (Fig. 2) . We refer to these 25 miRNAs as DE25 hereafter. Among these 25 miRNAs, 2 are upregulated, and 23 are downregulated in DD (a more aggressive subtype than WD). The two upregulated miRNAs are miR-9 and miR-21: miR-9 has been reported to positively regulate the malignant progression of cancer; 44 miR-21 has been shown to target a number of tumor suppressors such as PTEN and BCL2. 45, 46 The 23 downregulated miRNAs include miR-143, miR-190, and miR-652, which have been shown to be relevant to cancer. [47] [48] [49] [50] [51] We are in the process of characterizing their roles in liposarcoma and have recently published our results from functional studies of miR-143. 41 Seven miRNAs were always-on (Fig. 3A) . They are miR-21, miR-22, miR-26a, let-7a, let-7b, let-7f, and let-7i. While the miRNAs that are on (that is, ranked as top 20 abundant in a given sample) in each notes: The X axis is the log 2 (fold change); the Y axis is the -log 10 (P value). MiRNAs that are significant (P , 0.0001) are indicated in red.
individual sample accounted for about 75% of the clone count (Fig. 3B) , the seven always-on miRNAs shared across the samples accounted for about 50% of the clone count (Fig. 3C ). Twenty-eight miRNAs were always-off.
Analysis of Agilent data with no normalization
A scatter plot of the Solexa data (log 2 clone count) versus the Agilent data for each array is provided in Supplementary Figure 1 . As expected, the Solexa data showed a wider dynamic range than the Agilent data and had better resolution for miRNAs expressed at low levels. The two data types had moderate agreement across all miRNAs, with the Pearson correlation ranging between 0.58 and 0.85 (Fig. 4) . When limiting the comparison to the always-on and sometimeson miRNAs, the Pearson correlation between the two data types increased, ranging from 0.79 to 0.95 ( Supplementary Fig. 2 ). Distributions of the always-on, always-off, and sometimes-on miRNAs on each array are shown in Supplementary  Figure 3 . Based on the Agilent data with no normalization, 7 miRNAs were differentially expressed (P , 0.0001), which included 4 of the DE25 miRNAs ( Table 1) .
Analysis of Agilent data with normalization
Results of the Agilent data after normalization are provided in Table 1 and Figure 4 .
• When median normalization was applied, 6 miRNAs were differentially expressed, including 5 of the DE25 miRNAs.
• When quantile normalization was applied, 16 miRNAs were differentially expressed, including 11 of the DE25 miRNAs. The Pearson correlation between the two data types ranged between 0.61 and 0.85 among all miRNAs (Fig. 4) , and from 0.79 to 0.95 among the always-on and sometimes-on miRNAs ( Supplementary  Fig. 2 ). • Similar to quantile normalization, cyclic loess normalization claimed differential expression for 15 miRNAs including 10 DE25 miRNAs and resulted in Pearson correlation between the two data types of 0.62 to 0.86 among all miRNAs and 0.80 to 0.95 among the always-on and sometimes-on miRNAs.
• Also similar were the results with variance stabilizing normalization, which claimed differential expression for 14 miRNAs including 4 DE25 miRNAs and resulted in Pearson correlation between the two data types of 0.63 to 0.89 among all miRNAs and 0.81 to 0.96 among the always-on and sometimes-on miRNAs.
To summarize, median normalization resulted in some improvement in the accuracy of the differential expression analysis, and the other three normalization methods led to a greater, yet still limited, improvement.
effects of background adjustment
We also evaluated the effect of background adjustment method in combination with array normalization on the accuracy of detecting differentially expressed miRNAs. We assessed the effect of background adjustment on the analysis of Agilent data by subtracting background intensity from foreground intensity before log 2 transformation. Background subtraction slightly improved the detection of differential expression. When combined with quantile, cyclic loess, or variance stabilizing normalization, background subtraction slightly increased the number of true positives detected while maintaining a similar number of false positives (results not shown).
Discussion
In summary, using data from a liposarcoma study, our study demonstrated that (1) array effects can significantly affect the detection of differentially Figure 5 . Scatter plot of mean expression among WD (n = 14) versus among DD (n = 14). notes: Red indicates miRNAs that are claimed to be significant by both the Solexa and Agilent data. Orange is for mirNAs that are claimed to be significant by the Solexa data only. Green is for miRNAs that are claimed to be significant by the Agilent data only. Grey is for miRNAs that are claimed to be significant by neither the Solexa data nor the Agilent data. Agilent data are quantile normalized.
expressed miRNAs and (2) statistical methods for normalizing the arrays can improve the detection to some extent. Array effects are not unique to our liposarcoma data, and we have observed pervasive array effects in other miRNA array datasets such as those collected by the Cancer Genome Atlas (TCGA), a multi-institutional effort led by the National Cancer Institute that aims to catalogue major cancer-causing genome alterations in human tumors through multi-dimensional genomic profiling. 52 Plots showing array effects in the TCGA ovarian miRNA data are provided in the supplementary materials.
In our study, quantile, cyclic loess, and variance stabilizing normalization performed similarly, and all three performed better than median normalization. Quantile normalization has some practical advantages over cyclic loess and variance stabilizing normalization, as cyclic loess normalization takes much more computer time and variance stabilizing normalization results in negative values that need to be arbitrarily set to 1 before log 2 transformation.
More importantly, our study indicated the need for better normalization methods for miRNA data. Even with quantile normalization, the numbers of false positive and false negative miRNAs are still significant, and some of these miRNAs are expressed at moderate to high levels (Fig. 5 ). Hence these false miRNAs are not just a result of the low resolution of Agilent array at low expression levels, and there is still a need to develop more efficient normalization methods for miRNA arrays. Until better methods are developed, an existing normalization method such as quantile normalization should be applied when analyzing miRNA array data.
The sequence data used as a benchmark are imperfect, but they offer the considerable advantage of being derived from an independent method. In addition to analyzing the sequence data by comparing the relative clone counts, we also analyzed the sequence data by comparing the clone count using an exact test for the negative binomial distribution and the edgeR package, which calculates an effective library size for each sample to adjust for potential sequence composition bias and allows for a dispersion parameter to account for extra variability, 53, 54 and arrived at the same conclusions. Nevertheless, our study demonstrates an additional line of evidence that array normalization is useful for miRNA arrays but that better methods are needed.
conclusions
There is a need to develop more efficient normalization methods for miRNA arrays to improve the detection of genes with disease relevance. Until better methods are developed, an existing normalization method such as quantile normalization should be applied when analyzing miRNA array data.
List of Abbreviations
miRNA, microRNA; WD, well-differentiated liposarcoma; DD, dedifferentiated liposarcoma; MSKCC, Memorial Sloan-Kettering Cancer Center; DE25, the top 25 most significant microRNAs identified in the liposarcoma sequence data.
Data Availability
Data used in this study are available upon request.
Acknowledgements
We thank Dr. Jaya Satagopan for helpful comments to the paper and Joseph Kanik for his excellent secretarial support.
Author contributions
LXQ designed the study. SS and TT collected the data. LXQ conducted the analysis. LXQ and SS wrote the manuscript. All authors reviewed and approved of the final manuscript.
Funding
This work was supported by the National Institutes of Health (CA151947 to LXQ and SS; CA047179 to SS and LXQ; and CA140146 to SS and LXQ). The funding agents have no role in the study design, in the collection, analysis, and interpretation of data, in the writing of the manuscript, or in the decision to submit the manuscript for publication. Funding for open access charge: National Institutes of Health.
competing Interests
Author(s) disclose no potential conflicts of interest.
Disclosures and ethics
As a requirement of publication author(s) have provided to the publisher signed confirmation of compliance with legal and ethical obligations including but not limited to the following: authorship and contributorship, conflicts of interest, privacy and confidentiality and (where applicable) protection of human and animal research subjects. The authors have read and confirmed their agreement with the ICMJE authorship and conflict of interest criteria. The authors have also confirmed that this article is unique and not under consideration or published in any other publication, and that they have permission from rights holders to reproduce any copyrighted material. Any disclosures are made in B1380_1_3  B1380_1_4  B1380_2_1  B1380_2_3  B1380_2_4  B1381_1_2  B1381_1_3  B1381_1_4  B1381_2_2  B1381_2_3  B1382_1_1  B1382_1_3  B1382_1_4  B1382_2_1  B1382_2_3  B1382_2_4  B1633_2_1  B2351_2_3  B2393_1_1  B2393_1_2  B2393_1_3  B2393_2_1  B2393_2_2  B2393_2_3  B2394_1_2  B2394_1_3 B1380_1_3  B1380_1_4  B1380_2_1  B1380_2_3  B1380_2_4  B1381_1_2  B1381_1_3  B1381_1_4  B1381_2_2  B1381_2_3  B1382_1_1  B1382_1_3  B1382_1_4  B1382_2_1  B1382_2_3  B1382_2_4  B1633_2_1  B2351_2_3  B2393_1_1  B2393_1_2  B2393_1_3  B2393_2_1  B2393_2_2  B2393_2_3  B2394_1_2  B2394_1_3 B1380_1_3  B1380_1_4  B1380_2_1  B1380_2_3  B1380_2_4  B1381_1_2  B1381_1_3  B1381_1_4  B1381_2_2  B1381_2_3  B1382_1_1  B1382_1_3  B1382_1_4  B1382_2_1  B1382_2_3  B1382_2_4  B1633_2_1  B2351_2_3  B2393_1_1  B2393_1_2  B2393_1_3  B2393_2_1  B2393_2_2  B2393_2_3  B2394_1_2  B2394_1_3 B1380_1_3  B1380_1_4  B1380_2_1  B1380_2_3  B1380_2_4  B1381_1_2  B1381_1_3  B1381_1_4  B1381_2_2  B1381_2_3  B1382_1_1  B1382_1_3  B1382_1_4  B1382_2_1  B1382_2_3  B1382_2_4  B1633_2_1  B2351_2_3  B2393_1_1  B2393_1_2  B2393_1_3  B2393_2_1  B2393_2_2  B2393_2_3  B2394_1_2  B2394_1_3 B1380_1_3  B1380_1_4  B1380_2_1  B1380_2_3  B1380_2_4  B1381_1_2  B1381_1_3  B1381_1_4  B1381_2_2  B1381_2_3  B1382_1_1  B1382_1_3  B1382_1_4  B1382_2_1  B1382_2_3  B1382_2_4  B1633_2_1  B2351_2_3  B2393_1_1  B2393_1_2  B2393_1_3  B2393_2_1  B2393_2_2  B2393_2_3  B2394_1_2  B2394_1_3 4 .0 S2838_1_1  S2838_1_2  S2838_1_3  S2838_1_4  S2839_1_2  S2839_1_3  S2839_1_4  S2839_1_1  S2841_1_1  S2841_1_2  S2841_1_3  S2841_1_4  S2842_1_2  S2842_1_3  S2842_1_4  S2842_1_1  S2845_1_1  S2845_1_2  S2845_1_3  S2845_1_4  S2846_1_2  S2846_1_3  S2846_1_4  S2846_1_1  S3051_1_1  S3051_1_2  S3051_1_3  S3051_1_4  S3052_1_2  S3052_1_3  S3052_1_4  S3052_1_1  S3053_1_1  S3053_1_2  S3053_1_3  S3053_1_4  S3054_1_2  S3054_1_3  S3054_1_4  S3054_1_1  S3055_1_1  S3055_1_2  S3055_1_3  S3055_1_4  S3056_1_2  S3056_1_3  S3056_1_4  S3056_1_1  S3057_1_1  S3057_1_2  S3057_1_3  S3057_1_4  S3059_1_2  S3059_1_3  S3059_1_4  S3059_1_1  S3062_1_2  S3062_1_3  S3062_1_4  S3062_1_1  S3063_1_2  S3063_1_3  S3063_1_4  S3063_1_1  S3064_1_2  S3064_1_3  S3064_1_4  S3064_1_1  S3065_1_2  S3065_1_3  S3065_1_4  S3065_1_1  S3067_1_2  S3067_1_3  S3067_1_4  S3067_1_1  S3068_1_2  S3068_1_3  S3068_1_4  S3068_1_1  S3069_1_2  S3069_1_3  S3069_1_4  S3069_1_1  S3075_1_2  S3075_1_3  S3075_1_4  S3075_1_1  S3076_1_2  S3076_1_3  S3076_1_4  S3076_1_1  S3077_1_2  S3077_1_3  S3077_1_4  S3077_1_1  S3080_1_2  S3080_1_3  S3080_1_4  S3080_1_1  S3085_1_2  S3085_1_3  S3085_1_4 . Boxplot of the foreground intensity on the log 2 scale for a subset of the Agilent arrays (n = 104) in the TCgA ovarian study. notes: TCgA is a multi-institutional effort led by the National Cancer Institute that aims to catalogue major cancer-causing genome alterations in human tumors through multi-dimensional genomic profiling. One of the first three human tumor types TCGA studied was ovarian cancer. The tumor tissue samples were collected nation-wide, and the miRNA arrays were generated centrally at a Cancer Genome Characterization Center. We downloaded the first 226 ovarian arrays at the TCgA data portal. The 226 arrays belong to 26 array slides, with the number of arrays per slide ranging from 2 to 6. (Some arrays on each slide are used for the characterization center's internal controls and their data are not publicly available.) To simplify interpretation, we only looked at the row-1 arrays from slides that have all four row-1 arrays available, which consisted of 104 arrays from 26 slides. The arrays exhibit noticeable differences between array slides and arrays within a slide; these differences are not readily interpretable by tumor differences alone. Data at the probe level with no normalization are displayed with one box per array. The arrays are ordered by array slide and colored to distinguish neighboring slides.
Expression level
